DOCUMENT EESOHE 



ED 1U3 686 



TH 006 439 



AUTHOR 

Title 

PUB* DATE 
NOTE 



Fugita, Stephen S.; And Others 

Sonfe Hultivariate Conceptualizations in Nonverbal * 
Research. , 
23 Apr «77 ' ' •' 

25p. ; Paper presented at the Ohi-o Academy of'Sciences 
(Columbus, Ohio, April 23», 1977) 



EDRS PRICE BF-$0.83 HC-$1.67 Plus Postage. 

DESCRIPTORS ' . ^Behavioral Science Research; ^Mathematical Mpdels; 

^Non^verbal CommunicatiDn; Predictor Variables; 
1 -Research Criteria; *Research Design; ^Research ; 
* • Methodology; ^Statistical Analysis * 

ABSTRACT g- 

* Aocording-to tie authors, statistical techniques 

should accurately reflect the research, qwsiion -of." iatexest; -ao 

statistical technique should be used mechanically. A researcher 
should employ the statistical models most capable of answering th 
research question. ■ If the true research question is concerned wit 
predict ing--e: variety of dependent variables simultaneously, then 
univariate *model is capable of reflecting that research question, 
a univariate technique is used in such cases, a Type : VI error is 
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question and the' question as reflected by the statistical model.. 
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Some Multivariate •Conceptualisations ■ ' 
* ' • in Nonverbal Research 

The topic of nonverbal behavior has become very popular 
during the past decade. . Even though .Parwin arid* Freud pointed 
out its significance over half a century" ago, it has |^ ot been 

until fairly recently that it has * attracted a, significant amount 

\ 0 

\ 

of attention from either^ the lay public or social scientists. * 

I r 

Not only 'have popular treatments such as journalist Julius Fast's 
Body Language s been published', but also, for example, almost every 
new social psychology textbook contains a section discussing non- 
verbal behavipr. ' It has become a major established^research area 
in communication, social psychology, clinical/counseling psychology, 
yand education./ , 

Unf ortunately , due -to the subtleness, speed, and complexity 
of patterns involved 'in nonverlp^l communication, some difficult 

methodol cmical and statistical* 'issues must be surmounted. One?* of 

* * 
the .characteristics of tfre previous research ^as in most of the 

Sfqqial sciences)' is 'its nomothetic, univariate approach. < As 

Secprd (J.976) has recently pointed out,*sfcch an approach has his-. 

"tordcally resulted in accounting for a relatively trivial proportion 

« « ■» 

of the variance. Moreover, it is unlikely 'that real people respond 

\ 1 

to §ach others nonverbal cues inrsuch a manner. Occasionally, 

individual differences- are included iri the research design. As 
■» \ • 
** * * i *\ * 

might be ^expected, the ciata indicates that there are very large 

* ./ • % . ' ' ' ♦ 1 ' 

individual differences with nQnverbal Variables. Another obvious 

need is research ^of a .sequential -nature. • -Most of the studies 

in nonverbal behavior are of the * "snapshot" variety which capture 

only a* "slice" 6f an ongoing behavior' stream. « dleariy, th^ 



sequential nature of social interaction is lost with this approach. 
Recently, Bakeman and Dabbs (1976) have suggested a number of useful 
,..ways to examine se^uenti^l patterns, and cycles utilizing transitional 

probabilities. • • . . • * m ' , 

1 An example of the utility of this ^approach has been provided * 

by Stokes in Bakeman and Dabbs (1976),- He studied the* conversa- 
" tional patterns among 33 pairs of female* undergraduates . Each 
dyad spent approximately ^three minutes agreeing oh a topic and 
three minutes disagreeing on another topic.*- Observers upcorded 
the onset and offset of each subject's looking at and talking with 
her partner/ A compute^ program transformed this infor*mat.idn into . 
a form which showed the state pf talking and looking within each 
pair at each half-second interval. . ' v 

One analysis that .he performed was examining -the looking 
and talking patterns that can occ\iy wi thin a subject. There are -* 
four mutually exclusive and exhaustive combination events of talking 
and looking (look only, talk, only, look and talk, neither).^ 

Several results are clear from an analysis of 'th§ transitional 

t '"..:-/ - - . - • . •. 

probabilities: / * . 

Several ' points are suggested by,Stokes f 5ata. i^irst, 
subjects tended to look at their, partners wfril'e listening. 

"Look (inly 11 (.40) was more- likely than "nkitber' 1 talk nor 

/ • ./ VT < « 

look jr. 15) , apparently indicating a pattern of # attentive 

/ » v 

listening. Second, subjects tended not to look while . 

f . . 

talking. The simple probability of "talk and look 11 (.2^ 

* * / • * » **. / ' ' * « 

was less than would be predicted from the probability of 

» t -4 / 1 . * 

looking (.65) times the probability' of talking { t *A>6Y , and ; - f 



this was true for 59 out of. 66 -subjects (p ^.JaOl by..si£jn- [ \ % 
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test). And third, subjects tended to look away before ; 
speaking. . The "neither" state was slightly less likely to 
transition to "talk only" than to "look only" (.14 versus 

4 

.18) , but because "talk only" was much less probable than 
"look only" (.21 yersus .40), the expected value of the 
transition' to "talk- only/ 1 was less and ^-scores were higher 
for transitions to "talk only" t^an to "iook only" for 51 
out of 66 subjectg^p <- .Q01). This ' indicates, a dispro- % 
portionately high probability *that -a person who is looking 
away silently will begin talking at the next moment. 

The experimental conditions of^agreemeot and disagreement 

r 1 
had several effects. For example, the probability that 

"look only" would continue as an unbroken state (transi- 

/ / tioning to itseif) was greater during disagreement than 

during' agreement 'for 4 5 put of 66 subjects (p < .01) '. The 

J ' 

tendency not td look while talking, as described in the pre- 
* * * • * 

£ 'ceding paragraph/ was greater during disagreement; the 
probability of "talk and lopk" -fell ftirther below its 
predicted value during disagreement than during agreement* - 
for 48 out of 66 subjects (p .001). *Tbfis, 'the normal 
patterns of looking and talking appear .to\ have been 
. < , exaggerated by disagreement, with listeners looking more 

and speakers looking less.* / K < , ■ ' 4 ' - 

The authors feel that a multivariate conceptualization would 
.be potentially helpful in furthering understanding of nonverbal 
behavior. Multivariate conceptualization is defined, for our' 



( 



purposes, as* the use of- more than two dependent variables and more 
than two independent variables, simultaneously, when analyzing 



research* The -emphasis is being placed, nQt on the multivariate ^, 
Statistical technique per se, but, rather on the * n tesearch question 11 

N that requires looking at 'sets of variables, 'simultaneously^ which 

„ \ 1, * 

are needed to accurately^ reflect the ccpnceptual or theoretical 
'construct. "For^ithe above reasons, multivariate techniques Will . 
be discussed mainly in terir^ of what they conceptually measpre^ # . ; 

and problems with* their interpretations* 

* * * * 

The following, will be a discussion 'of specif ieally choseto j - ^ 

multivariate statistics which ^re selected for their power and 
\ - t • • — — — 

potential' misinterpretations. The statistical* procedures * that 1 ' 
will be outlined are: (1) Canonical Correlations, * (2) Discrim£aa- 
tiye Analysis, (3) Path Analysi-s, (4) Component Analysis, (?>) 
Analysis of Covariance* and Multiple .Regression Analysis ,. arid 16 >\ 
Q Factor Analysis. * ■ 

' ' ' ' " - 

Canonical Correlation . Canonical Correlation /(C^) i,s the « 

• ♦ 

general case of multiple linear regression. One has a number of 

.criterion variables being predicted joy a' 'number of independent 
variables* For example, the researcher may^ant to predict smiling 
eye contact-', and interpersonal dis^tange (the criteria^Jjy*'^^ 

1 of independejot variables such as reported* liking*,, sex, and race,. J 
When one thinks about measuring a. nonverbal * display, it/ 

f - r ♦ • ' . V : 

generally involves" more than one variable^ (criteria) . % 'Beaaus^ ! - 
of thisV^C^ often has a great deal Ojf' intuitive appeal;"" C n 

allows oh'e to" predict a multitude of criterion variables * 

^ . /, * / ' : ■ . . . . * < ' % m 

simultaneously. » / - , t \ . °, n * 

' ^ > \ " c V , • • - • * \ 

' Hay/ever, there is significant , problem with tbe interpre- - 

Ration of C R . f In its Calculation, it "adjusts 11 the critericiix 

• ■ • f • - v ' ,J s - v . , *• * 

variables >in stich a ; way that if makes them independent of each 



. * * ■ ■ ' * ♦ * k • • • *«» 

■ . ■ - f . o ' / - ' . . 

. . , . f- .a < ' 4 . ~ 

other, Conceptually/ this,, mean£ thSt; it subtracts the -correlation r ' 

\ - • < ^ • •.. - - • - - .'- * '' , ' u 

, •* < (variability overlap) between, them. ' Thus, will take-out all % V 

1 the variability in. smiling "that * is common to* eye contacte v and * 

interperspnal distance, and the - var iabJLe sailing becomes smiling, . _^ 

V* • ; Jhis is. the smiling that, is reft over' lifter all the. common » 



variability with ' ey£* contact and. interpersonal distance* is * * V 

„,»,'', - - ■ ' - • * 

tfelriovecf. The calciiLatioji of C will then do 'the same for. the 

£ye contact. Therefpre, this, variable becopfes eye 'contact , ywhich 

is *all the Variability due eye coatact after .tjie common* variability* 

between smilin-g, eye cbntact and interpersonal distance is removed., 

i ' ^ > 9 ■ , 

The same procedure is th^n followed for interpersonal, distance* 

' . • : ;. : a • \ ; ■ * 

where interpersonal .di stanG ^ e * becomes ^int^erpersonal distance.* , « 

Therefore* the. criterion gohceptviall.y m^de^up ^of ^ res'iciual^*, b ^ 

-'i' 7 -'^-O^ * 7 # v * ^<'' V '':P7 

probably not .the critferiofr. variables , that the im^est/ig-ator ^t}?r).ug"ftt 



:or j:^o.ugai: 



he was^measinrinig[\ t . yA*'- t '* " * ' .4 

- v^7 ' : . - ' ^.^ m 

7 ' ^iultivariat'gf Analysis' of ""Variance (^IANQVA ) . . 5 In*; ,a ^a^;yety^y 

' 7* • * * ' » * * - * % • , . l^i 1, a *\ # , v 4 * t 

*sim£lar , to, C D /" MANOVA (fetermin^s if -there; Ls7a signi^ic^t .7 * s 

" * ' • » . • • * * * ' - ^ ■„ 

^diff^r^&nce be twee n 1 two or more -groups (treatments, .etp*) on two .. ' ^ 

vr - • • ' • \ . ' :.' : . : v- ./ " - .; 

i\ o'r more * dependent variables 'sinuiltaneously. , However, /if . one f . 

" - ' / • . : • » \ • * ' ^ ^ \ • ' 

' " 1l finds significance , one usually ha^* to reyert'^tQ* un^var^-ate „ 

0 tests to. interpret .the, results: Therefore./ , t^e apparent adyanta^ge. 

, j 7 may not be as beneficial as it o'rf ginaiiy^s*eBm^d. 7 However, as 

. < . pointed out by Hummel and Sligo (IS'Tl). using MANOyA -in.^pdnjyincjtion 

7"^"'-"' . " V:"^ -V"'" . ..r ^ v '.-: : / CJ ^ # r-- ;7 % ' ^ s 

with 'ANOVA ^controls * for expetimenty?i$e probability, p^amijpling-* r 

Ther§ aire a f evf^f urfche^v comments that should^ be* made' about " • 

^ ' 7 % . ~ v , V : * W - ; - . • ^«.t ^7/7 • r " - 1 

' MANOVA : - - - A * s ^7^^ ' ^ " • 7V V ' . { ^ • 

. * ,7 ' 1* Ther^- are a;num£er ^o^tes.ts. of sigr^f^ckhc^* .Three 
of/ them are>; ** (a) Wi'lks". Lambda — Roy's Largest root criterion, 



' (b> Hotllling's trace criterion, and (c) step down F procedure. 

'Ltlls important to realize that thege three tests are not 
equival<^it. Therefore/ you may get slightly different results 
from eac 

2. I There should never be' fewer dependent (criterion) variables 
thah thfre aife groups ( treatments) • How'ever, the mo^re dependent 
variables, the more difficult the results are to interpret. 

\ The ^total. number of _ subjects should never bp. less than 
two rfljnes as 'many ^s the, number 'of dependent variables. ^ 

path Analysis faind Component Analysis . Frequently, a researcher 
is ^interested ' inferring" "cause" (ex^lairii^ the effects) when 
he was unable to utilize a "true experimental" design. .In this 
'situation, there aire two procedures, Path Analysis and Component ' 
Analysis, the. researcher may, find helpful. . The purpose of these - 
procedures is to help study the relationships, between the inde- 
pendent variables^ pf interest and the . dependent variable. -This is 
clone to facilitate the explanation of the effects of the independent 

variable on the dependent variable. 
• i 

^a. Path Analysis . This method aids one in studying th^ 
direct and indirect effects of independent variables on the ^ 
tdep^ndenJ^variables (the. assumed causal effect) . It is important 
to keep in mind that Path Analysis cannot discover variable^ that., 
are the "cause," but" rather/, ^it* is ''used as a method to support .or 
f ail-to-suppor { t a theoretical causal model. 

It. is also* important to keep in mind two .points' about Path 
Analysis. One is that there are important underlying as-sumptions 
that cannot be violated*; such as, the relationships among the ' * 
variables are generally considered additivp / .linear , and most 
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import aritly, '" causal . 11 ,Two, different theoretical explanations 

• " \ ' ■ . * • 

can be given'- equivalent support from the x same Path Analysis sOlu- 
tion. All the Path Analysis solution can say is that the rela- 
tionship between c 1^he variables is not in consistent with a specific 
theoretical position-, . Thus, to utilize Path Analysis appropriately, 
it is necessary t^at^Dne must first have some theoretical model ♦ 
Unfortunately, .this is oftentimes not the case in nonverbal' 

research. . • * ^ 

• . - 

* One Gf the uncl^lying assumptions, as previously 'noted, is a 

that the independent 'variables are orthogonal (not correlated) , \ 
" 4 ■ " > • ( * \ 

This is an absolutely necessary assumption . for the. appropriate J 
interpretation of Path' Analysis. . , 

The path coefficients are , . in reality, the' beta coefficients 

i j * — 

• in a ^regression equation. It fc^as" been well documented and widely 

known 'that beta weights are oniy f interpretable when the variables^ 

are independent. Thus, .if the variables are not independent, then 

the beta weights (path coef f icieats) • are not interpretable. That^y 

is, when multicolinearity exists between independent vcu*fcr$&£€$ , ' 

the v beta* weights ar e high ly unstable and wil,l fluctuate greatly 
T' * 

between samples. _ , « , 

i • 

When Path Analysis is used,- the independent variables of 

interest are most frequently^ correlated (multicolinearity exists) 

Wol fdv4-i977) .states, that in mos.t cases, Path Analysis-has been 
— * 17. * - 

found to have limited use-f- ul-n^ss . It is our belief that this 

* • • 

"limited* usefulness 11 is a result of the violation of the assump- 

i 

tion of orthogonality of the independent variable^ . if this is* ■ 
the^ case, then multivariate procedures can be used to produce 
orthogonality of the- independent variables. This could be done 



using^suc^i techniques' as orthogonal -factor analysis, canonical 

* * ' ' 

correlation, component analysis, and part and partial correlation 

to account for unique variance* It is believed that obtaining 

orthogonality would increase the " usefulness and interpretability 

of Path t Ana lysis ,^ thereby aiding the researcher in understanding 

" * . 

the" phenomena under investigation. . < 

* b. ' Component Analysis ., The following discussion is 'based 
on' a paper ^presented by .-Newman and Newman' (1975) . 

The Component Analysis procedure was . developed in the late* 
'60' s> to aid researchers explaining and interpreting the -results 
Cf statisicfal analyst in which, the predictor variables are not - 

independent (nonorthogonal) . If the variables are interrelated, 

* * 

as are intelligence, socio-economolc status, and race, it is* 

• *' 

difficult to accurately estimate the relative' importance . of each 
predictor variable to the criterion. Darlington (19.68) / Mood . v 
(1969, 1971) ,* McNeil, feeliy, and McNeil— fe!975) , and Kerlinger 
and Padhazur (1973), clearly delineate the various aspects of 
'this problem. , * % . * 

4 Component Analysis (C ) is> a procedure which divides the pro- 

> * . , • P '• * • • • - ,9 " ' 

.portion of variance accounted for into common and unique variance. 

The" unique Variance (U ) is the proportion of variance attributed 

q - . 

toa particular variable wh$n'entered last * in 'the/ regression equa- 

'tipn. t It is', what Botterrberg and Ward ,(1963), and" McNeil* et Tal • $ 
• . * ♦ ' - * 

(1-975) call the - proportion of variance attributed to a particular 
variable, above and beyond the variance ' accounted „for by the other 
independent variables in the, equation (analysis of qpvariance ,~ 
semipartial correlation). Therefore, the unique variance accounted 
for is represented by a full model which contains -all the inde- 



penden ^Variables testted against a restricted motfe 1 -*£n which all , 
the predictor * variables dre represented except for the one(s) for 
which the unique variance is* to be estimated. 

Common- variance (Cv) may be^concepttially thought of as the * 
degree the overlap of correlated variables which is predictive of the 
criterion. It must be independent of unique and other common 
variance. i In an example wi th three^predictoij^ciriable^ , there 
are three sets of unique variance [ u< 3(]j> ^'(2)' U ^(3)^' three * ^ - 
sets of s6cc^nd order commonality 2)' Cv (l 3)' Cv (2 3)J'^ and 

one third order commonality variance [Cv n 9 /7 v ] . . * 

. The. number of independent components in a component analysis - 
procedure can be determined by the equaAon: 

): . • 2N ': 1 ' 

where: N> = number of predictor variabies* . ^ 
Therefore/' if one had four predictor variables, the number of 
components would equ^l: * • . ^ 

2? 1 = 15. 

Since there are four predictor .variables* there will be four com- 

4 . 

ponents of unique /variance (Dq) , six components- of second order 
commoi) variance, four component's of third order: common variance, 

and one component of fourth' order common variance. These com- 

' ' * ' • . * - ' ' ' *' . * 

ponents are additive ,and when summed will equal the "total proportion 

r* 2 * * 

of variance accounted for by the R- ^ of the full model. 

« • r . .* . 

When there are 'four predictor variables, there will be 15 
components. One cap ^easily see the horrendous number of R 's 
that have to be calculated for just four predigtor variables ih • " 
the full model. Hcwever, in using multiple, regression*/ the ** > 
investigator frequently has, many more than four predictor variables. 



Therefore, the number of components can easily ' become impractical 
to handle. „ This problem will Be discussed later. For further- 



••details on how to calculate Component Analysis, see Mood (1969; 

* - \ 

1971), Kerlinger (1973), and -Houston and Bcplding ',(1975) . ' . 

t * • . • * - 

If e one has ^a varietyof nonorthpgonal predictor variables and 

a variety of F-tests are use'd to. determine if any one 'or set of / 

* Vj * • . ■ — «J 

* . * *» * « 

these predictor variables are significant, then one -is violating 

\ * - 4 

the underlying assumption of independence. Therefore ,* the 

probability associated with ''the F-test is inappropriate. ^ That 

is, one would actually find more significant F's than is i,ndicat0d 

by the probability associated with/ that specific F.»* Component 

analysis divides the sum of variaJcers into independent, 

Therefore, the F of any of these partitions is 'independent, 

• / 

The following are sgme of the limitations one should be 
•sensitive to when using component analysis: ' \ , 

1. An integral part of component analysis is the concept of 

• Uq. uq is operationally defined as: , , 

variance accounted fjjt by a variable when entered last 
,in a multiple regression equation. • * 

*\ 

^Therefore, the Uq defends upon and is a-ffeoted by the variables 
. v. * . 

that are already under invest igat ipn. Even though the Uq is inde- t 
pendent, in the set of 'variables for that sample v thC variable is # 
nt. - 

2. As the mimber of predictor variables increases, the number. 
Qf components generated increases rapidly. So, if one ha&-.£ large 

1 number, of predictor Variables, it may become impractical tp ca*lcu- 

• * * x 

late* component anal^is. * t t v - t • * * f 
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3. As the number of predictor' variables .increases, the number , 
^ .of • higher order commonality component's also' increases . Just as it 

; is difficult to interpret higher order than -.third order interactions 
• in^ traditional ^x^alysis. of variance, it is*, also difficult to inter- 

pret ; ftigh6r order titan third *ofder commonalities.' v • 

, • • - * ' fc - 1 * % 

4. . In examining some of the formuli ,f or "calculatihg* the. 

commonality components, o/ie becomes Sensitive to .the possibility • 

; * - r " . ' ■ ■ - J 

that-some of the components can easily, account for a negative 
proportion of variance. When this situation is .encountered, it' V/ 
. becomes- very difficult to interpret or ma£e : conceptual sense out^ 
of the' analysis . * 

5. A With any non -manipulative research technique, "causation" - 
cannot be assumed. • A causal .relationship can only .be. assigned 'in 
Situations that have a true experimental design, i*e. , a^sijtuatjLon 

, 'in whi^a^-the experimenter has clear control of the,, independent 

variable* Since §ne of the major ptitposes for calculating component 

* ' ir > ■ ' . ' 

analysis is to at£Si£pt~to improve the explanation of ex post* facto 

research designs, this can lead one to mistakenly believe that the 

Uq accoufH*ed *forr .by an independent v^j^Sjle with a criterion ig. of 

a causal nature. * MK^ . # 

6: Mood (1971) stated an important limitation one should' 

'' consider. The unique variance (Uq) accounted" for by. an ' independent 

variable can Change radically from situation to situation. However, 

•the Uq-* attributed to a factpr that the variable is a part -df* is 

yiot^X-i^fly to v change'. Therefore, Mood$ suggest^ that the variables • . 

^ should be groped based on the under l^Kg concept they*seem to be 

^'jjmea^ring. This would produce a^more stable estimate. This ! - . * fc 



grouping process x "will also have a side benefit of reducing the 4 
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total number of predictor Variables making the component analysis 

. # t. 
much mote manageable. -However, if one * uses the procedure suggested 

by Mood„ the weighting of each variable becomes a piroblem. Do the 

factor s_account for the same 100% of the proportion" of variance 

accounted for when <each variable is used separately? rf not, 

-One is losing' potentially significant infqrmat ion. Finally, it 

'is difficult to decide'which variables should *go together. Quite 

often/, variables that look as if they ara measuring the same 

underlying construct are riot. 

• <* * ' • 

factor* multiple regression is a procedure that may circumvent 

some of these problems* (Massy-, 1965* Duff, Houston, &/Bloom, 1971; • 

Connett, '.Houston, & Shaw, 1972; Newman/ 1972) . It is a method 

that enables one to empirically determine the fa<§£or£ with which 

the variables are associated. • If one calculates- the factor scores 

for each factor arid^usds an orthogonal rotation such as Varimax, 

then' by def initiorv; — bne predictor set of variables will be* 

Y * ► \ 

orthogonal. Thus, None can easily determine, the relative importance 

of each factor by*examining its bet'a weight. 

i 

Duff et al. (1971) .found that ^principle component factor 

* * ** 
analysis- with Varimax 'rotation ~ and an eigen value of one as 'a* 

facto^putof f , produced empirically determined factors which were 
very similar to the factors they\subjectively determined. These 
subjective -factors were formed by • selecting subsets of their pre- 
dictor variables which ^seemed to be measuring the s^ma underlying 



constructs.* (This is similar' to what was suggested by Mood, 1971. 
The advantages of using empirically determined factJ$rs as pre- 
dictor, variables *in a regression equation are cliiipiassed by, Cdnnett 
et al. (1972)^ and some limitations of this procedure are discussed 



) 



• J . 13 

by. Newman (1972) . 



* 'It is the authors' opinion that the factor_pegression approach 
f • 

, may be more 'appropriate than component analysis where one is 
interested in determining the unique variance accounted for, 



riables is relatively 



especially when the number of predictor vari 

large, and. there is, a minimum of 10 subjeots /for every variable, 

* « 

/ * 

However, If on^ i£ interested in commonality, the factor regression 

procedure' is not. appropriate. ; In this case,, -if there is a large 

number of variables and subjects, $t Is, possible' to -use factor. 

analysis' with oblique 1 rotation. This procedure will condense 
* \ ^ . ' . ■ 

the- larije number of -variables into factors which can be" used as 

1 . L 1 i \ 

a new se't of predictor variables. Sin'ce these factors may be 
oblique (correlated) , one may then .wish to perform a <?omporient 
analysis which will yield estimates of the -pnique and common 
variance attributed to the 'factors .■ Obviously, the oblique solu^ 
tions lack many 'of the desirable characteristics which make the 
orthogonal solution easier to interpret. However, there are times 
■when a researcher may fcfe interested in the common proportion of 
variance attributed to factors which are theoretically and 
empirically related. 



i 
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Analysis of Coyariance '(ANCOV) 



ANCOV^is generally used, when the design cannot or did not 
coritrol for a specific attribute such as subject eye contact, 
talking, etc. Fr.equeritly , in nonverbal research, it is difficult 
if not^ impossible to ccmtrol^ for_exfcmple, all of .the confederate's 
nonverbal^ responses . This is because some semblence of "naturalnes 
is necessary.. Hence,' ANOC.OV may be useful to help take some °^y // 
these factors into account. Investigators" tend to use^ANCOV : 



/ 

to /'equalize" subjects (Groups, Treatments) on a specific attribute, 
i.p. , ANCOV is used to "adjust" for the effects of initial differences 

There are. certain .underlying assumptiohs (in addition to all * 
the assumptions of ANOVA) such as all subjects being randomly assigned 
fto treatments* However/ one wants to use ANCOV most when it is not 
possible to randomly assign subjects to / treatments. The key kssump- 
tior> is homogeneity of the regression slope. , This simply means that 
there Xs no interaction between the covariate and the independent 
variable (s) . t If there is interaction one should not covary because I: 



th£ results could be very misleading. Orie should look at the 



\ 



interaction -instead (simple effects). , . , * ^ 

R^gre^sion 

With the increasing use of multiple linear regression, which 

. • ■ , \ " 

is unfamiliar and/or misunderstood by many, it is important to \ 
clarify the reasons why multiple linear regression is an appropriate', 
and in. many cases, * a prefer a ahle procedure. This section will present 
some of the general arguments which- can "support the use of regtesslon. 
The F-test, which is the analysis of va^icince, is ,a statistical 



technique (a test of sighif icanqe) and i<s calculated on the basis of^ 
a least square solution. It has unfortunately been confused with 
what has beconfe known as traditional one-way or factorial analysis 
of variance. The traditional analysis#,of variance approacfi tends ^ 
to confound, in the researcher's thinking , /t$e statistical' proce- 
. dures with the research design. However,- if one separates the two, 
some of the advantages of the regression; hypothesis tejsting pr<?- 



cedures become Inore obvious." A few of these advantages af£: 

a» Multiple Linear Regression (MLR) is the general case of 
* * 
the least sum of squares solution. ^ Chi Squares t and F tests \ 

r 

are all • calculated on the basis of one least squares 'solution. 



b. * A significant FVin a factorial design is more difficult 
to' interpret. It may^not Reflect your specific hypothesis*. With l 
the regression 'procedure, ope states the hypothesis' and then writes 
the regression mo-del tbjtest that hypothesis. Thus evety test '/ 

of significance is— ^test ot^^pS^i^e«4rypothesis . / . / ^ 

c. ' Regression is more /flexible because it allows the researcher 
to write modeLs that specifically reflect 'the research hypothesis. * 

d. Witn traditional arialysis of variance one caj^ only ask 
interaction questions/fhat have categorical variables interacting 

~. ' , r ' 

with categorical variables. -With regression , one can ask interac- 
tion questions between categorical variables,* between categorical' 
and continuous variables, tar betweeh continuous variables. Since 
regression can deal with both categorical ana continuous variable^, 
it is more flexible in its ability to reflect actual behavioral 
processes. With regression, there is no need to categorize - 
variables that 'are continuous in nature as/required by traditional 

* 1 ' 

ANOVA; therefore, one does not lose degrees of, freedom or powe^ 
(McNeil, Kelly, McNeil, 1975? Kerlinge'r', /l973,; Newman, 1976). 

e. All analyses of covariance procedures are, really regres-, 
sion procedures because the covariate(s) are always held constant 

by regressing ft on ,the criterion.^ The multiple linear regression 

.» * • 

procedure makes* the covariance procedures easier to calculate 

and interpret (Kerlinger, 1973) ! j ' 

f . Regression ' also facilitates the calculation and interp,re- 
tation of trends ( functional relaitonships) . \ Trends which are 
contiguous in n-ature must be categorized when traditional analysis 

of -variance is used. Sinoe regression can deal with continuous * 

\ : * / , ' : r 

variables, no artificial categories must be imposed. - 



g.* The researcher, particularly the applied variety , must 

/ * 
often deal with unequal N'yand nbnorthogonal designs;. When these 

/ v - . 

problems occur .and one is/ using traditional" analyses of variance, 
a correction is required. All of the corrections that produce the 
exact solutions are regression procedures (Newman, Deitchman, •* " 

Burkholder, Sander^v'Ervin , 1976). In other words, if one has' 

\ 

'» junequal N's, and/traditional analysis of variance is being used, ' 

' / * • > * > ' / 

regression will/ have to be used regardless of whether the researcher v 

,is aware of'*i£,or not. Once again, 'regression is more flexible. 

. * Gkne of /the problems 'with multiple linear regression is that' 

* *, » * * 

multiple linear regression 'hypotheses besting procedures may be 

confused with non-hypothesis testing or^s aft<2 with' stepwise regres- 

sion. Most of the ^critical commerv&S leveled^ against regressidn 

are- for the non-hyp6thesis testing procedures which tend to, produce 
V 2 - 

either inflated R s afid/b^ more significances by chance than the 

t 

stated alpha lev^l. These spurious results* ^end to be generalized 
ev.en though they, cannot be replicated* This problem is less severe 
with the hypotheses testing regression* procedure , and basically 
becomes nonconsequential when cross-validation^ahd multiple 
correction procedures are employed. Unfortunately , • these pro- 



cedures are rarely used. 
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Before a 'research project is actually initiated, one should 
ask which and how many ( criterion are appropriate .to the" problem* ~~ 
The 'researcher must also know wh^t reliability and validity esti- 
mates exist for the criterion and if the -estimates meet minimum 
requirements • A reliability estimate of .65 for group prediction 
and -.85 for individual prediction is a minimum.- There 'are no easy 
rules of thumb for validity estimates. Each situation must be 

> \ . r J8 ' ' r - .. : . 
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. examined separately. - , 

In nonverbal research, if a regression approach were 
utilized, it would be rfiuch easier to designate which nonverbal 
cues* add a significant amount of information in a particular situ- 
ation. This would be preferable to the usual listing of cues 
* which were simply statistically significant as' indicated by A^OVA. 
. Q Factor Analysis / This technique, also known as profile or 
segmentation analysis, is perhaps one of the potentially most 
fruitful with regar-d to nonverbal behavior. It groups people <bh 

r * • 

the basis of the similarity of their responses. Profile similarity 
can be* calcinated on the basis of . three* types of informations ,[' 
level, dispersion, and shape-. if 'profile similarity is calculated 

%• ' : ' . . • ' ' ' . 

on *tlTe basis of level, this would indicate that the profiles are * 
similar-^l^ith regard to the mean score of the variables used in .the 
profiles, 'if dispersion is 1 us,ed to indicate profile .similarity, 
'this would indicate that the profiles are .similar in terms of the ' 
amount of scatter around the average level (similarity between 
standard deviations). The third method involves "analyzing the 
similarity of the shape of the profile. The shape is defined by 
the. rank order of scores for eacK variable the individual has on 
the profile. ^ 

The major problem v/ith using levels as a means of indicating 
similarities, in' profiles is that two. people cao be said* to hav£ 
similar profiles when their individual scores over a set of, vari- 
ables are totally different, but ^ because- of averaging, they "have**"* 
mean score's that approximate each other~ f ' ' . 

The 'major weaknesses with the , dispersion method-of profile 
'analysis are that the dispersion method .does not give anSi'ndica- 
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/ v/ - - 

/ ' / 

tion pf level, and ,it # is difficult, to interpret profile dispersion 

/ * ** ' ' \ 

for people because di'spetsion depends' upon the correlation among . 

the .profile variably. ' 

• ' If ; high positive correlation exists among the variables, 

« people' in general will tend to have small dispersions. * 

- * If the > correlations among variables are low, thfe diaper - 

sioi\ will^tend to be relatively large* If some of they 

correlations are positive and otners are negative, the 

** * * V i 

dispersion -will evefl be larger (Nunrtall^, 1967, p. 374-.' , 
*75). . # 

The difficulty that' arises when one tries to calculate profile 
similarity on the basis of *shaf*t is that it is possible that two 
profiles can be identical and each individual's absolute rating can 
be, quite different. This is true "as long as each individual has the 
same rank ord£r for the variables, since a perfect correlation Will 
exist if the rank orders are the same even though the absolute values 
may be different* / 

The most desirable and accurate method for calculating profile 
similarity would be to take all three types of information into 
account simultaneously* This can be done by factor analyzing the 

cross-product 'matrix between' the individuals, on each variable. How- 

r ■ 

ever, this demands a large computer storage capacity* 

.In nonverbal research, examining similar levels may be appro- 
priate, for example, if o;ne were looking at potential subcultural 
.differences. However/ if one were conceptually interested in, 
something like overall activity or reactiveness , probably dispersion, 
would b$ a more meaningful measure. Finally, shap$ prof ile^anlaysis 

V 

^puld probably be most appropriate if one were attempting to detect 
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jpredictfed changes in the patterning of nonverbal cues, fio.r example, 
in, deception situations. • * * 

One of the maj£r problems with Q-f.actor Analysis is the'argu- 
merit that the profiles tend to be sample specific and*,' therefore / 
cannot be generalized to other samples or* to the- population from 

"which the, sample comes* . This problem can be spmewhat alleviated 
by cross-validating the profiles* This requires obtaining -tWo * \ 
independent samples and checking to see if the same s pjrof iles repli- 
cat'e in each sample—to the extent that they, do, there* is no problem. 



^ 



It is suggested that one only uses profiles that ^are stable (stable 

meaning the ability to be replicated)>„ , • _ 

; & ' * 

i ; , . ; . J 

Another frequently mentioned problem when ..using' profile analysis 

is that" the larger the sample, the more profiles t typologies)- obtained*. 

, » » 

So, the number of typologies is a function of sample size* , As a * 

rule of thumb, very rarely will thdre.be more than fi*ye or six 

<. • - ' * * 

typologies that" are likely to be ^irep'licable. , Again, ,it is recom- 

. mended that *soxne type of cross-validation procedure be Msed to 

\% • * 
identify the most stable profiles before using* and/br interpreting 

the reuslts. ' fc - ' 

* t The thrust ^bt this pape^has been that the statistical 

* ♦ * 

techniques should accurately reflept the research question of 
interest. No statistical -technique should be used mechanically. 
A researcher should write the statistical models, most capable of < 

.answering the research question. *"lf, the "t^ue" research question v 

: ' ■ • ' . X * " * " • 

•^fs concerned with predicting a variety of dependent variables 

simultaneously, then no univariate model is capable of reflecting., 

thatjjrdsearch * question! If a univariate technique is used in 

such cases, a Type VI £rror i$ being connitted. A Type VIH error ' \ 
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is the inconsistency between the res^a^rch question and the question 
as reflected fry the statistical model (Newman, De^^^man Burkhp^der 
.Sanders, & Ervin, 1926).- * * , 

*The autho.rs. would like .to reemphasize that., they are suggesting 
multivariate * cfonpept^ialization 'and no| necessarily the use of multi - 
variat£ techniques . It is suggested that each . researcher takes a 
crlltioal look at his research question of interest ; ^be sure^th^t^ 
he knows what he is truly interested in ascertaining, and .then- . 
select .the statistical^ technique^ (models) th$t are' capable of 

1 ■ • * v ■ , * * 

^re-flecting the /'true" question o'f r interest • 

• - • & ■ 

• / * 1 

. V • ' : ' ' 

' ' - ■* ■ ' ■' 
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i ABSTRACT 



K The thrust of this paper; has 'been ttiat the statistical 

techniques shoxild accurately reflect the research question of 
interest. No statistical technique should bemused mechanically. 
A researcher should write the ^Statistical models mo£ capable o£ 

r ' ■ " < , • 

answering* the research question. If the "true 11 research question 
is concerned^with predicting a variety jpf dependent variables 
simultaneously , then . no univariate modejb is ^capable of reflecting 
that research question. • if a univariate technique is useel in ' 
s,uch cas$s, a Type VI error is being cor=initted. A Type VI error 
\s the inconsistency between the rcseatch question and the questioft 
as reflected by the' statistic^' model (Newman,, Deitchman, Burkholder, 

f A. , * 

Senders, & Ervin, . 1976) . , , ' , A 

•The authors would like to xeemphasize >th'#t they are suggesting ' 
multivariate conceptual ization and not necessarily the use of multi - 
'variatd techniques . __It is suggested that each* researcher takes a 



critical look at /his research question o.f interest; be sure that 
ha. knows what he is truly interested in ascertaining, and t&en _ 

* * 

select the statistical techniques (models) that are capable of 

•> r . • ' r" 

reflecting the "true" question of interest. • . - 
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